Introduction 37
Information on soil moisture is critical for assessing water storage, estimating the amount of runoff generated, 38 and determining slope stability for hillslopes during rainfall (Angermann et relationship between precipitation and runoff is highly nonlinear, and the spatio-temporal variations in soil moisture, 44 groundwater, and surface runoff are extremely difficult to predict (Ali et al., 2013; Curti et al., 2014) . 45 Temporal stability has been widely used for selecting representative points for the characterization of soil 46 moisture variation (Minet et al., 2013; Vachaud et al., 1985) . Temporal stability depends on soil depth, soil properties, 47 land use, surface & subsurface topography and hydrometeorological conditions (Gao and Shao, 2012; Gao et al., 2015) . 48
Both the mean and standard deviation of the relative difference had been used to evaluate the temporal stability of soil 49 moisture (Zhao et al., 2010) . High stability is an important criterion for determining the best location for the monitoring 50 spatially averaged soil moisture of a given area (Brocca et al., 2010; Penna et al., 2013; Ran et al., 2017) . The location 51 of spatially representative soil moisture points can be also explored in the context of process-based interpretations 52 (Lee and Kim, 2017) . 53
Rainfall is the primary driver of rapid variations in soil moisture and subsurface flow generation (Penna et The functional relationship between rainfall events and soil moisture varies and depends on various factors such as 57 soil texture, depth, topography, and vegetation cover (Liang et al., 2011; Kim, 2016) . Various 58 rainfall characteristics including the total amount, duration, intensity, and dry period duration also have been used to 59 , where n is the number of soil moisture measurements 153 for the hillslope. 154
The index of temporal stability (ITSi) was proposed to quantify the soil moisture stability at point i (Zhao et 155 al., 2010) . A high ITSi is indicative of low temporal stability, whereas a low ITSi is indicative of high temporal stability. 156
The value of ITSi can be calculated as follows: 157 (%) = √ 2 + 2 • 100 (2) 158
The mean relative difference (MRDi) can be calculated as The SOM is an unsupervised learning algorithm that can be useful for pattern recognition for a multivariate 165 dataset from different observations. The SOM is typically a two-dimensional (2D) grid composed of either hexagonal 166 Hydrol. Earth Syst. Sci. Discuss., https://doi.org/10.5194/hess-2019-121 Manuscript under review for journal Hydrol. Earth Syst. Sci. or rectangular elements. In this study, we used a hexagonal lattice as the output layer because it resulted in better 167 feature of information propagation when updating more neighborhood neurons than that of the rectangular lattice 168 (Kohonen, 2001 ). Based on the recommended output dimension of 5√ (Kohonen, 2001) , where r is the number of 169 events, and the 396 total rainfall events used in this study, the array structure of the SOM was specified as a 16 × 6 170 matrix, which corresponded to 96 neurons, i.e., the grid cells in the SOM. Each neuron had a different weighting 171 vector ( ), where the subscripts a and b represent address codes for the variable and node, respectively. A random 172 number was used to initialize the weighting vectors in neurons. 173
For a given rainfall event, the soil moisture variation at a particular point in the hillslope depends not only 174 on the rainfall, but also on other environmental factors such as the location, depth, and soil texture. In order to consider 175 the relative variation (%) of water storage normalized by the antecedent moisture condition, we used the percentage 176 of maximum soil moisture difference (Zhu et al., 2014) as an index, namely, the soil moisture difference index, to 177 represent soil moisture variation: 178
where is the maximum soil moisture during a rainfall event and the subsequent period (≤ 4 h), and is the 180 soil moisture measurement before the rainfall event (2 hours). 181
Once the dataset is populated with the throughfall characteristics and soil moisture data, the SOM map 182 (Kohonen, 2001 ) can be obtained. In this study, throughfall duration, total throughfall amount, and mean throughfall 183 intensity were used as the rainfall characteristics, and the antecedent moisture content, soil moisture difference for 5 184 locations upslope at depths of 10, 30, and 60 cm, and soil moisture difference for 5 locations downslope at depths of 185 10, 30, and 60 cm were used for the soil moisture data (Figure 1 ). Because each variable had a different range, we 186 applied a natural logarithm transformation out of several transformations such as Box-Cox transformations with 187 different parameters to the dataset standardize the variables, which centralize the means of all variables into zero. 188
The SOM maps were established to each variables and the distance between the input vector and weighting 189 vector can be calculated as follows: 190
where v is the number of variables. 192 Hydrol. Earth Syst. Sci. Discuss., https://doi.org/10.5194/hess-2019-121 Manuscript under review for journal Hydrol. Earth Syst. Sci. Discussion started: 3 April 2019 c Author(s) 2019. CC BY 4.0 License.
The winner neuron can be identified as the neuron with the minimum value of indicating the best fitness 193 to characteristics of each rainfall event among every neruons in SOM map. If the winner neuron is chosen, the 194 weighting vector should be re-evaluated by using the Eq. for the renewal weighting vector as follows: 195 Clusters within the dataset can be delineated by applying the dendrogram classification method and by 210 evaluating the dissimilarity between the weighting vectors (Montero and Vilar, 2014) . In this study, we used a 211 hierarchical method because the resulting dendrogram structure provided better representation for the relationships 212 between clusters than the results obtained by using non-hierarchical methods. The hierarchical method forms clusters 213 by binding datasets with shorter distances between them. The Euclidean distance was employed to evaluate the 214 dissimilarity because it is suitable for shape-based comparisons between soil moisture series collected at the same 215 time (Iglesias and Kastner, 2013 The relationship that has the shortest distance between neurons is assigned to the first cluster, and weighting vectors 220 of the first cluster can be expressed as 221
where 1 and 2 are the variable weighting vectors in the neurons (b1 and b2), respectively; 1 and 2 are set to 1 223 in this relationship, but these values are set to the numbers of components during the comparisons of clusters. 224
Additionally, we used Ward's method to evaluate the dissimilarity between two weighting vectors of each neuron, 225 and between each cluster, i.e., this was the chosen algorithm in our hierarchical clustering method (Ward, 1963) . When 226 the dissimilarity between two clusters ( 1 and 2 ) is calculated, the distance between the clusters can be expressed as 227
where , 1 and , 2 are the averages of clusters 1 and 2 , respectively, and 1 and 2 are the numbers of 229 components for clusters 1 and 2 , respectively. A dendrogram can be constructed based on the resulting , and 230 the upper part from a designated horizontal line can be recognized as the structure of the final clusters. 231
Water Storage Evaluation 232
The water storage after a rainfall event can provide a better understanding about what flow paths or combined 233 processes contribute to the redistribution of soil water along the hillslope. The water storage can be evaluated 234 following a multiplication step for the corresponding soil depth (i.e., 200 mm for soil moisture at the depths of 10 and 235 30 cm, and 300 mm for soil moisture at the depth of 60 cm) related to the maximum difference of soil moisture 236 between prior and post rainfall conditions. The distribution of water storage in depth profile and hillslope location 237 (upslope or downslope) indicate distinct hydrological processes along the hillslope. The collected throughfall data can 238 be used for the effective rainfall while neglecting evaporation for the short period of analysis. 
Supervised Machine Learning Algorithm 241
One of the most reliable supervised learning algorithms is the C4.5 algorithm (Quinlan, 1993), which can be 242 used for regression or classification of multivariate data. The C4.5 algorithm is based on the selection of the attribute 243 that yields the maximum information gain from data subsets. The information gain can be calculated as follows: 244
where ( ) is the entropy of all clusters, which is a measure of uncertainty, ( ) is the proportion of element numbers 246 in each cluster, and X is the number of clusters. In other words, the entrophy for cluster delineations from SOM can 247 be obtained from equation (10) . 248
In order to obtain the threshold of soil moisture difference index, the information gain is introduced. The 249 higher information gain represents the better threshold for cluster identification. The information is a measure of the 250 difference in prior and post entropy for the set, which is split on the attribute A as 251
where ( , ) is the information gain from the classification of attribute A (i.e., A is the criteria for the specific soil 253 moisture difference at a designated point), T is either greater than A or less than A, and t is a subset of T. The term in 254 equation (11), ( ), is composed of two conjugate probabilities; the events have smaller soil moisture difference index 255 then the threshold divided by total events and the events have greater soil moisture difference index then the threshold 256 divided by total events. 257
The C4.5 algorithm can be used to identify a specific soil moisture point that can be used to classify a 258 designated cluster by calculating the entropy. Thresholds for all soil moisture monitoring point are evaluated and the 259 one having highest information gain is selected as a classifier of decision tree and the identical procedure is repeated 260 to obtain the C4.5 decision tree of soil moisture difference indices. Depending on the soil moisture characteristics for 261 several points, the main feature of the hydrologic system can be identified. A decision tree, namely, a sequential 262 structure of soil moisture criteria, can be developed for the specific locations of soil moisture with the maximum 263 information gain. In other words, the soil moisture variation of the selected measurement points can be used to 264 rainfall and evaporation) and intermittent generation of subsurface storm flow at deeper depths, which corresponds to 273 the results from a previous study (Lee and Kim, 2017) . Location UP5 had the lowest ITS of the 10 locations, and thus, 274 it represents the most temporally stable soil moisture (at all depths). UP3-10 had the lowest ITSi of all 30 points; 275 specifically, the value was 0.13. Figure 3 shows the soil moisture at both the most temporally stable point (UP3-10) 276 and the least temporally stable point (DO5-30) for representing the average soil moistures of all points. As shown in 277 throughfall durations, amounts, and intensities than clusters 1 and 2. The soil moisture difference indices for clusters 310 3 and 4 were higher than those for clusters 1 and 2. The higher throughfall durations and amounts for cluster 4 were 311 associated with higher soil moisture difference indices for cluster 4, but the lower throughfall for cluster 3 resulted in 312 smaller soil moisture difference indices (Table 1) . One notable feature of clusters 3 and 4 was the increasing trend of 313 soil moisture difference indices with depth (DO60 > DO30) for the downslope area, whereas those of clusters 1 and 2 314 showed decreased soil moisture difference indices with depth (DO30 > DO60) (Table 1) . 315
The events showing similarity with larger soil moisture difference index, namely, significant events, in the 316 SOM were in clusters 5, 6, and 7, as shown in Figure 4 (b). The pattern of soil moisture difference indices for cluster 317 5 was indicative of vertical infiltration upslope and strong lateral flow downslope (Table 1 and Figure 4 ), which were 318 distinct from cluster 6. The soil moisture difference indices for cluster 5 were larger than those of cluster 6, except for 319 UP60 (9.6%), even with the lower throughfall duration, amount, intensity, and antecedent soil moisture than those for 320
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cluster 6. Both rainfall characteristics and soil moisture difference indices for cluster 7 were significantly higher than 321 those for all other clusters. Many of the measurement points in cluster 7 were saturated throughout rainfall events, and 322 the DO10 value of cluster 7 was 192.6% (48.2% in terms of volumetric soil moisture), which indicates that overland 323 flow occurred was likely at the downslope points. 324 325
Water Storage Analysis 326
We selected a rainfall event from each of the seven clusters that showed the distinct characteristics of 327 hydrological processes associated with each cluster for the analysis. The water storage distribution analysis for seven 328 rainfall events is presented in Table 2 . Water storage analysis for clusters 1 and 2 showed that negligible changes in 329 water storage occurred for both the upslope and downslope areas, and the main difference between cluster 1 and cluster 330 2 was whether the rainfall affected the soil moisture difference index (%) at a depth of 60 cm in the upslope area 331 (Table 2) . Rainfall impacts to clusters 3 and 4 were classified into the intermediate category because both clusters 332 introduced meaningful storage change (mm) and soil moisture difference index (%) in the deepest depths of the 333 downslope area (60 cm) indicative of the generation of subsurface lateral flow. Significant changes in water storage 334 (>40 mm) were found for clusters 5, 6, and 7 regardless of the amount of throughfall. The main difference between 335 clusters 5 and 6 was whether the vertical preferential flow affected the 60 cm soil layer in the upslope area, which 336 depended on the antecedent soil moisture. Cluster 7 was mainly associated with very high amounts of rainfall, and 337 subsurface lateral flow was generated in both the upslope and downslope areas; additionally, exceptionally large 338 changes in water storage (>116 mm) occurred in the downslope area. 339 Hydrol and also effectively address hydrological processes such as infiltration and soil water redistribution along the hillside. 389 A decision-making process for cluster identification can be expressed in terms of a decision tree. Thus, the supervised 390 machine learning algorithm was applied to construct a C4.5 decision tree (Quinlan, 1993). 391
As shown in Figure 7 , the C4.5 decision tree consisted of soil measurement points in the upslope (UP3-10, 392 UP5-10, UP4-60, UP5-60) and downslope (DO3-10, DO4-10, DO5-10, DO2-60) areas. From the delineated decision 393 tree (Figure 7) , the point at DO2-60 provided the greatest information gain from all points because soil moisture 394 difference index at this point determined the distinctions between clusters 6 and 7, clusters 4 and 5, clusters 1 and 2, 395 and clusters 4 and 5. A point at UP5-60 contributed to the discrimination between cluster 3, cluster 4, and cluster 5 396 from cluster 6 and cluster 7, and a point at DO5-10 was used to distinguish between cluster 2 and cluster 3. Furthermore, 397 point UP4-60 was important for determining the difference between cluster 1 and cluster 2, while point DO3-10 was 398 important for determining the difference between cluster 3 and cluster 4. than that of the 30 cm depth (Figure 5(i) ). This may indicate that the lateral flow along boundaries (subsurface and 443 surface) was stronger than that at intermediate depths (Table 1) . Cluster 6 and cluster 5 were located in the lower part 444 of the SOM map, as shown in Figure 4 (b). As illustrated in Table 1 , cluster 6 had higher amounts, durations, and 445 intensities of throughfall than cluster 5, and antecedent soil moisture for clusters 6 and 5 were the highest and lowest, 446 respectively, among all clusters. The soil moisture difference indices for cluster 6 were similar or greater than 50% at 447 all locations except DO30 (32.1%) (Table 1), which indicates that downslope lateral flow tended to be generated 448 through boundaries either along the surfaces or bedrock (Kim, 2009 ). Furthermore, rainfall and antecedent soil 449 moisture were substantially higher for cluster 6 than for cluster 5, and the soil moisture difference indices in cluster 6 450 were relatively more uniform for all points than those for cluster 5 (Table 1 ). This may be explained by the 451 development of preferential pipe flow, which is more common at greater depths in wetter conditions (Lai et Figure  466 8(a), the impact of ASM on the soil moisture classification was distinctive for clusters 6, 4, and 7. Even though cluster 467 5 and cluster 7 were adjacent to each other in the dendrogram structure, the ASM values for the two clusters were 468 completely different, which indicates that ASM could not have been the dominant factor for soil moisture incremental 469 changes during extreme events. Box plots of cluster 5 in relation to the throughfall duration and throughfall amount 470 were also substantially different from those of adjacent clusters such as cluster 6 and cluster 7 (see Figure 8(a) ). Box 471 plots of volumetric soil moisture (VSM) by cluster generally showed increasing distributions from cluster 1 to cluster 472 7 in terms of both the mean values and variance, except for cluster 5, both in the upslope and downslope areas (Figures  473   8(b) and 8(c) ). In order to test the reliability of the SOM classification, we used the k-cross validation technique for 474 10 different datasets in 10 years. Depending on the characteristics of rainfall events each year, the degree of agreement 475 of the SOM projections between the complete dataset and the partial datasets differed. A comprehensive evaluation 476 of the SOM predictability was performed through comparison between the event projections of the complete dataset 477 SOM and the summation of the projections of the 10 partial SOMs (Figure 6 ). All disagreement was due to missed 478 recognition between adjacent clusters (Figure 4(b) ) in the SOMs from partial datasets, as shown in Figure 6 . Even 479 though the cluster identification of partial dataset SOMs between adjacent clusters did not always perfectly match that 480 of the complete dataset, the predictability of extreme events was high and stable. Actually, the degree of agreement 481
Hydrol (Table 3) . The selected points shown in Table 3 were the most temporally stable points for each cluster. 489
The representative point for clusters 1, 2, and 5 was UP3-10 for all events, but clusters 3, 4, 6, and 7 yielded a different 490 point (DO3-10) as the representative point. The differences in mean soil moistures and distinct hydrological processes 491 (generation of vertical flow and lateral flow in the upslope area) throughout hydrologic events between clusters 1, 2, 492 5 and clusters 3, 4, 6, 7 seemed to be responsible for these two different representative points. The statistics were also 493 different between the two representative points. The R 2 and RMSE values were evaluated between the averages of the 494 soil moisture time series and those of a representative point in each cluster. As illustrated in Table 3 , DO3-10 provided 495 a higher R 2 than UP3-10 for clusters 3 and 4, but the RMSEs for UP3-10 were lower than those for UP3-10 for clusters 496 3 and 4, and the opposite was found for cluster 7. The R 2 values were identical between UP3-10 and DO3-10, DO3-497 10 provided lower RMSEs than UP3-10 for cluster 6. The results shown in Table 3 indicate that the two points (UP3-498 10 and DO3-10) can be used as representative points for the seven clusters. 499
The representative point for soil moisture monitoring can differ depending on the soil, depth, topography, 500 and vegetation Baroni et al., 2013; Gao et al., 2015; Zhu et al., 2014) . Furthermore, temporal 501 stability can be sensitive to the temporal distribution of rainfall (Penna et al., 2013) . We classified 396 hydrologic 502 events into seven clusters, and the temporal stability analysis for each cluster shown in Figure 4 (a) resulted in only 503 two points for stable variations in soil moisture. This effectiveness of representative points was partially related to the 504 fact that the soil moisture stability analysis was performed under similar hydrologic conditions based on the identified 505 hydrological processes shown in Table 3 . The spatial and profile distributions of vertical flows and lateral flows can 506 be comprehensively characterized through 7 clusters noted in Table 3 . In other words, the soil moisture monitoring in 507
Hydrol. Earth Syst. Sci. Discuss., https://doi.org/10.5194/hess-2019-121 Manuscript under review for journal Hydrol. Earth Syst. Sci. On the basis of further analysis in regard to the hydrological processes shown in Table 3 , a compact set of soil 512 moisture monitoring points was selected and used to identify the seven clusters ( Figure 7 ). As shown in Figure 7 , 513 whether soil moisture difference index at DO2-60 was less than 9.2 or not was the first criterion prior to moving to 514 the next step such as determining whether the soil moisture difference index at UP5-10 was less than 5.2 or that of 515 UP5-60 was less than 16.4. One or two more steps further lead to the identification of the clusters (Figure 7) . 516
Unlike in the ITS analysis, the monitoring point for the effective distinction between different clusters should 517 be sensitive to rainfall events. Including the two representative points (UP3-10 and DO3-10) for the upslope and 518 downslope areas selected from the ITS analysis, eight points were used in the C4.5 decision tree (Figure 7) . The soil 519 moisture points in the C4.5 decision tree did not include any measurement point at a depth of 30 cm. This indicated 520 that the important hydrological process (lateral flow) for event distinction was mainly generated at either surface or 521 bedrock boundaries. 522
The hydrological processes indicated in Table 3 can be expressed in terms of a decision tree (Figure 9) . A 523 substantial similarity was found between Figures 7 and 9 in terms of the orders of clusters between the two decision 524 trees. One or multiple diverging branches of the soil moisture difference index decision tree (Figure 7) corresponded 525 to one of the diverging branches of the decision tree for hydrological processes (Figure 9 ). This was because the soil 526 moisture response, whether it was greater than or less than the threshold soil moisture difference index (Figure 7) , was 527 the combined result from multiple hydrological processes acting at the corresponding point. 528
The comparison between Figures 7 and 9 indicated that soil moisture difference index for DO2-60 could be 529 used to determine whether hydrologic events were significant or "other" Even though the decision tree in Figure 7 provided an optimum monitoring set for cluster identification, the 536 accuracy of cluster identification was less than 100%. This was due in part to our use of partial data (26%) to predict 537 the behavior of the total dataset. The other possible explanation seemed to be related to the underlying stationary 538 assumption of the hydrologic system for the study period (10 years). The difference in canopy activity over 10 years 539 and the generation of catastrophic rainfall events (e.g., 145 mm in 2 hours on 27 July 2011) could have partially 540 changed the redistribution mechanisms of soil moisture along the study area. The accuracy of the delineated decision 541 tree ( Code and data will be available through repository https://www.re3data.org/ when paper is accepted. 574 partial: the corresponding flowpath was generated partially in the designated part; full: the process was generated at 851 all depths and locations; surface: the process was generated at a depth of 10 cm; middle: the process was generated 852 up to a depth of 30 cm; all: the process was generated at all depths; bedrock: the process was generated at a depth of 853 60 cm. 
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